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Abstract— People with diabetes may suffer from an eye 
disease called Diabetic Retinopathy (DR). This is caused by 
damage to the blood vessels of the light-sensitive tissue at the 
back of the eye (i.e retina). Fundus images obtained from 
fundus camera are often imperfect; normally are in low 
contrast and blurry. Hence, causing difficulty in accurately 
classifying diabetic retinopathy disease. This study focuses on 
classification of fundus image that contains with or without 
signs of DR and utilizes artificial neural network (NN) namely 
Multi-layered Perceptron (MLP) trained by Levenberg-
Marquardt (LM) and Bayesian Regularization (BR) to classify 
the data. Nineteen features have been extracted from fundus 
image and used as neural network inputs for the classification. 
For analysis, evaluation were made using different number of 
hidden nodes. It is learned that MLP trained with BR provides 
a better classification performance with 72.11% (training) and 
67.47% (testing) as compared to the use of LM. Such a finding 
indicates the possibility of utilizing BR for other artificial 
neural network model.  
Keywords— Diabetic Retinopathy, Fundus Image 
classification, Multilayered Perceptron, Levenberg-Marquardt, 
Bayesian Regularization. 
I. INTRODUCTION 
Diabetic retinopathy (DR) is an abnormality of the eye 
caused by long-term diabetes and is one of the causes of 
visual impairment. Diabetic Retinopathy Screening Team of 
Malaysia stated that diabetic issues are considered a major 
global public health which caused by modern lifestyle, 
environmental & social factors of; diet, obesity and physical 
activities [1]. According to National Health Service UK 
(NHS, UK), DR is a complication of diabetes, caused by 
high blood sugar levels damaging the back of the eye called 
retina. It can cause blindness if left undiagnosed and 
untreated [2]. 
DR is a progressive disease, but the main problem with 
this disease is that patients with DR have almost no signs of 
visual impairment in the initial stages of the disease. People 
with diabetes should attend a regular diabetic eye screening 
to trace the severity of any problems. The severity of DR 
depends on the number and type of lesions present on the 
surface of the retina [3]. If the patients can be diagnosed 
early, their DR can be effectively [4]. According to diabetic 
related eye studies, DR happens when there is an increase in 
the blood sugar levels that causes damage to blood vessels in 
the retina. The blood vessels can be bulging, leaking or 
performing occlusion. These changes lead to the features of 
DR which are in terms of hard exudates, aneurysm, 
haemorrhages, cotton wool spots and the existing of new 
vessels. These changes can deteriorate the vision and worse 
could cause blindness [2]-[4]. Therefore, an effective DR 
screening is essential for early treatment to prevent future 
diabetic complications. 
Moreover, it is found that the ratio of expert 
ophthalmologists to the number of diabetic patients is very 
low [5]. Since the number of diabetes affected people is 
increasing worldwide, the need for automated detection 
methods of DR is increasing as well. The ophthalmologist 
uses fundus images for diagnosis and monitoring of various 
eye diseases including related DR cases. Fundus 
photography will capture the whole retina, fovea, macula and 
optic disc and creates images for it.  
The retina fundus images that are obtained from the 
fundus camera are often imperfect; normally in low contrast 
and blurry [6][7]. These can be agreed by all the snapped 
images of fundus images with DR cases are blurry even for 
brighter or darker images. Thus an accurate diagnosing of 
DR is a very difficult task for several reasons: 1) the 
presence of lesions, exudates, haemorrhages; 2) the 
variability of the vessel width and length; 3) the low contrast 
between the vessels and the background; 4) the central reflex 
on large vessels; 5) the presence of small regions affected by 
noise; and 6) the occlusion between vessels [8]. Sample of 
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(a)Normal (b) DR 
Fig 1. Fundus Image 
In order to improve the reliability of diagnosis and reduce 
the dependence on human experts, several previous studies 
have been developed automatic and semi-automatic 
diagnosis of medical images using artificial neural networks 
(ANN). This could help the ophthalmologist’s assistance 
which performing the screening test to investigate whether 
there are DR features in the fundus images that they snapped 
to be further diagnosed by the experts.  
II. RELATED WORK 
Artificial intelligence based on artificial neural network 
(ANN) has been successfully used in automatic medical 
diagnosis. Hence, recent years have seen automated detection 
of breast cancer, blood cancer and lung cancer from the 
advantages of ANN [9-12]. Among the classic ANN 
algorithms, the most famous and used architecture is a feed 
forward multi-layer network, also known as MLP. Besides 
that, previous work has presented MLP trained with the Back 
Propagation (BP) algorithm such as Alzheimer’s disease 
[13], prostate cancer [14], colon cancer [15]. Essentially, one 
of the most popular training techniques for MLP is BP 
algorithm. Hence, other approaches trying to improve the 
accuracy of MLP trained by LM algorithm such as to 
identify the presence of diabetes by [16,17].  
An ANN application has a great impact on the 
interpretation of fundus images [18]. Several researchers 
have completed the study of ANN implementation for DR 
detection. By using 150 fundus images that were taken from 
two different hospitals in Noida and Delhi as input dataset, 
[19] proposed Multilayer Perceptron Network (MLP) for 
classification and the results have shown an accuracy of 
94.11%, [4] stated a Convolutional Neural Network (CNN) 
method for 80,000 fundus image datasets achieving 95% 
sensitivity and 75% accuracy on 5,000 verified images, and 
[20] have been proposed MLP classifier and Radial Basis 
Function (RBF) classifier subsequently used to obtain hard 
exudates in fundus image detection, and get results of 95.9% 
for MLP and 85.7% for RBF.  
As MLP network has the potential to detect DR stages, 
the primary intention of this study to compare experimental 
results of accuracy using MLP trained by LM and BR for 
classification of fundus image with or without signs of DR.  
Consequently, future of this study will be facilitates the 
automated diagnosis system of diabetic retinopathy which 
causes blindness, by making use of artificial intelligence 
(AI), by employing  raw fundus image and deep learning 
neural network.  
III. METHODOLOGY 
This study undergoes 3 phases; data collection, 
experiment setup and evaluation. The three phases were 
performed sequentially as illustrated in Figure 2.  
 
Figure 2: Phases in Methodology  
The first phase includes the acquisition of fundus images 
and this was achieved from 
https://archive.ics.uci.edu/ml/datasets/Diabetic+Retinopathy
+Debrecen+Data+Set. A total of 1151 fundus images were 
used in this study and they were divided into 70:30 data 
proportion.  806 (70%) data were used as training data while 
345(30%) data were used as testing data. From 806 training 
data, 378 images are with signs of DR while 428 were 
normal images. On the other hand, for 345 testing images, 
162 are with signs of DR while 183 does not contain DR. 
Table 1 depicts the distribution of the fundus image dataset.  
 
TABLE 1. DISTRIBUTION OF TRAINING AND TESTING DATASETS 
Types of Fundus 
Image 
Training data Testing data 
DR 378 162 
No DR 428 183 
TOTAL 806 345 
 
In the second phase, experiment setup is performed. This 
study focuses on the investigation of effectiveness between 
LM and BR in training MLP network. Furthermore, suitable 
number of epoch and hidden nodes also need to be 
determined. The input for the MLP models includes 19 
features which are the binary result of quality assessment, 
pre-screening, MA detection, Euclidean distance of the 
center of the macula and the center of the optic disc, 
diameter of the optic disc, binary result of the AM/FM-based 
classification and affine moments. The output nodes of the 
MLP model are two which represent fundus image with and 
without signs of DR. 
Upon completing phase 1 and 2, relevant training and 
testing were performed. Based on the experiments, it is 
learned that the optimal epoch for MLP with LM is 100 
while 50 is better for MLP with BR. These values were then 
used in determining the suitable number of hidden nodes for 













Table 2 and 3 shows the comparison of classification 
performance of the MLP neural network trained by LM and 
BR algorithm for different hidden nodes respectively.  
TABLE 2. RESULTS FOR DIABETIC RETINOPATHY CLASSIFICATION TRAINED 
BY LM ALGORITHM. 
Hidden Layer Training (%) Testing (%) 
5 65.46 67.40 
10 57.99 55.43 
15 64.60 54.16 
20 64.43 65.15 
25 60.89 54.82 
30 58.70 51.71 
35 65.20 51.48 
40 65.54 54.85 
45 60.81 46.77 
50 57.35 41.92 
 
 
TABLE 3. RESULTS FOR DIABETIC RETINOPATHY CLASSIFICATION TRAINED 
BY BR ALGORITHM. 
Hidden Layer Training (%) Testing (%) 
5 66.98 65.22 
10 67.89 65.58 
15 70.58 67.23 
20 72.11 69.47 
25 68.01 66.74 
30 59.49 60.06 
35 62.95 60.10 
40 60.57 60.09 
45 60.69 55.56 
50 60.58 56.91 
 
From data shown in Table 3, it is noted that MLP neural 
network using BR training algorithm produced the highest 
performance while using 50 training epochs and 20 hidden 
nodes as compared performance yielded by LM training 







Figure 2. Overall performance accuracy during training and testing phase 
using LM. 
Figure 2 illustrates results obtained by MLP neural 
network trained by LM algorithm. It shows that the optimal 
values were when epochs = 100 and hidden nodes = 20. The 
results represent that the MLP neural network trained by 
LM algorithm has better capability and ability to classify the 








Figure 3. Overall performance accuracy during training and testing phase 
using BR. 
Next, Figure 3 indicates the resulted graph for MLP 
neural network trained by BR algorithm was achieved an 
optimal result during training and testing phase at 50 epochs 
and 20 hidden nodes. All the results are recorded during its 
first attempt of training and testing phase. 
TABLE 4. ACCURACY RESULT OF BAYESIAN REGULARIZATION ALGORITHM 
IN TRAINING PHASE. 
Detection TRUE FALSE Total Accuracy % 
DR 241 137 378 63.75 
No DR 340 88 428 79.43 
Overall 581 225 806 72.11 
 
According to data in Table 4, MLP trained by BR algorithm 
for classification of fundus image without signs of DR is 
higher than fundus image with signs of DR which is 79.43% 
and 63.75% respectively for training phase. Hence, the 
overall performance accuracy of training phase is 72.11%. 
 
TABLE 5. ACCURACY RESULT OF BAYESIAN REGULARIZATION ALGORITHM 
IN TESTING PHASE. 
Detection TRUE FALSE Total Accuracy % 
DR 107 55 162 66.04 
No DR 118 65 183 64.48 
Overall 225 120 345 67.47 
 
Meanwhile, from Table 5, it learned that MLP trained 
by BR for classification of fundus image with signs of DR is 
better compared to fundus image without sign of DR, that is 
66.04% of accuracy in testing phase and the overall 
performance of the MLP network showed 67.47% of 
accuracy. 
Therefore, from Table 4 and 5 represents the 
classification performance of fundus image with or without 
signs of DR using MLP neural network trained by BR 
algorithm with 20 hidden layers at 50 epochs achieved 
optimal accuracy during training and testing phase as 
compared performance from MLP neural network trained by 
LM algorithm. 
V. CONCLUSION 
Automated classification of fundus images into either 
having DR or not is an important task that can facilitate 
medical officers in their diagnosis. To date, various machine 












complete the task. This study has demonstrated the use of 
two learning algorithms (i.e LM and BR) in facilitating 
MLP model. In addition, investigation was also put in 
determining the optimal number of hidden nodes for both of 
the MLP models. As number of hidden nodes may vary 
between classification task, it is important to determine the 
optimal value so that better accuracy can be obtained. It is 
learned that the MLP neural network can be used in 
classifying fundus images, in particular, when it is paired 
with the LM learning. Such a finding indicates a promising 
future work that will benefit the health community. This 
includes the development of a diagnosing tool that employs 
the identified MLP models or other recent technology such 
as the deep learning models.  
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